ABSTRACT Cognitive radio and non-orthogonal multiple access are promising for alleviating the severe spectral scarcity problem encountered by the next generation wireless communication systems. In this paper, in order to improve energy efficiency and spectral efficiency, a non-orthogonal multiple access cognitive radio network with simultaneous wireless information and power transfer is studied under a practical non-linear energy harvesting model. A multi-objective resource optimization problem is formulated for maximizing the harvesting power of each energy harvesting receiver. This problem is non-convex and challenging to solve. A weighted Tchebycheff method is applied to solve the formulated problem. It is shown that the performance achieved under the non-linear energy harvesting model is better than that obtained under the linear energy harvesting model. 
I. INTRODUCTION
The explosive increase of diverse mobile devices and the rapid growth of high-rate services call for spectralefficient and energy-efficient communication systems. However, the fixed spectrum allocation strategy is a major obstacle to achieve a high spectral efficiency (SE). According to the report released by the Federal Communications Commission, only 30 percentages of the licensed spectrum in the United States is fully utilized [1] . In order to improve SE, cognitive radio (CR) has been proposed to enable the primary network to share its frequency band with the secondary network [2] . In particular, CR under spectrum sharing enables the secondary users (SUs) to coexist with the primary users (PUs) at the same band on the condition that the interference caused to the PUs is tolerable [3] , [4] . Since CR has the potential to improve SE, it has inspired wide research areas including traditional cellular networks, relay networks, and wireless sensor networks [5] .
As another promising technique, non-orthogonal multiple access (NOMA) is envisioned to enhance SE and increase user connectivity. Unlike the conventional orthogonal multiple access (OMA) [6] , NOMA exploits non-orthogonal resources to simultaneously serve for multiple users, e.g., multiple power levels for several users [7] . The key concept behind NOMA is that users' signals are superimposed at the base station (BS) with different power allocation coefficients, and the user with a good channel condition can perform successive interference cancellation (SIC) to cancel interference from the user with a poor channel condition [8] , [9] . It was shown that the SE obtained by using NOMA could be higher than that achieved by using OMA. Sun et al. [9] applied NOMA into a multiuser
A. RELATED WORK AND MOTIVATION
It is envisioned that the integration of NOMA with SWIPT can simultaneously improve SE and EE. However, investigation on this integration is in its infancy. In [30] , a NOMA scheme for the wireless powered networks was designed, and an optimal resource allocation strategy was presented. In [31] , a novel cooperative SWIPT NOMA protocol was proposed, and three opportunistic user selection schemes were presented. Motivated by [31] , Do et al. [32] investigated the outage performance of a two-user NOMA system with SWIPT, and proposed a best-near best-far user selection scheme. However, the work in [27] - [32] is based on an ideal linear EH model. The converted power linearly increases with the power of the RF signal with a constant conversion efficiency. In fact, the practical EH circuit can result in a non-linear power conversion, and the harvesting energy is non-linear.
Recently, a practical parametric non-linear EH model has been proposed in [33] . Compared with the traditional linear EH model, it is able to describe practical EH circuits proximately. Based on this practical EH model, the authors proposed an optimal resource allocation strategy in a SWIPT system where all devices equipped with a single antenna [34] . To improve the energy conversion efficiency, the non-linear EH model was extended to a multi-antenna scenario [35] , and a robust resource allocation strategy was proposed. In [36] , the quality-of-service (QoS) has been also taken into consideration under the imperfect CSI. It was shown that a performance gain can be achieved under the non-linear EH model compared with that obtained under the conventional linear EH model. Wang et al. [37] exploited the non-linear EH model to cognitive wireless powered communication networks (CWPCNs), and simulation results showed that the performance achieved under the non-linear EH model may be better than that achieved under the linear EH model. Recently, in [38] , a new non-linear EH model has been proposed, which takes the sensitivity issue of the practical energy harvesting circuit into consideration. Specifically, the harvesting power is larger than zero only when the input power is larger than the sensitivity threshold. Note that the EH model proposed in [38] and the non-linear EH model adopted in our manuscript from [33] - [37] are from different perspectives.
B. CONTRIBUTIONS AND ORGANIZATION
To the best of our knowledge, there are few investigations that focused on using the practical non-linear EH model in NOMA CRNs. Besides, in order to protect the quality of service (QoS) of the PUs and make use of the resource of CRNs, it is important to design optimal resource allocation strategies. Motivated by the aforementioned observations, this paper is devoted to designing optimal resource allocation strategies for CRNs with NOMA. Different from the works in [27] - [32] , a practical non-linear EH model is applied. To make a good tradeoff among the harvesting energy of the energy harvesting SUs, a multi-objective resource allocation problem is formulated for maximizing the harvesting energy of each energy harvesting SU. Sun et al. [39] have proposed a resource allocation scheme in cooperative cognitive relaying multicarrier NOMA systems. In [40] , an optimal power and subcarrier allocation scheme has been proposed in full-duplex multicarrier NOMA systems. The formulated resource allocation problem was solved by using monotonic optimization theories. However, a single objective optimization framework was adopted in [39] and [40] . Although a multiple-objective resource allocation problem has been studied in a secure fullduplex wireless communication system in [41] , it has not taken the energy harvesting issue into consideration. Different from [39] - [41] , in our manuscript, SWIPT techniques are applied in a NOMA cognitive radio network and a practical non-linear EH model is considered in a multiple-objective resource allocation problem.
The main contributions of this work are summarized as follows.
1) It is the first work that formulates a multi-objective resource optimization problem in NOMA CRNs under a practical non-linear EH model. The harvesting energy of each individual SU is maximized under the constraints on the minimum transmission rate and the maximum interference power. Using convex optimization and fractional programming techniques, a multiobjective resource allocation strategy is proposed for maximizing the harvesting energy of each SU. 2) The formulated problem is non-convex and difficult to solve. To tackle this challenging multi-objective optimization problem (MOOP), a weighted Tchebycheff method is used to convert the problem into a singleobjective optimization problem, and an algorithm based on successive convex approximation (SCA) is proposed to solve it. 3) Simulation results show that the performance achieved under the non-linear EH model may be better than that achieved under the linear EH model. Moreover, simulation results show that there is a tradeoff between the harvesting energy of the energy-harvesting SUs and the transmission rate of the NOMA SUs. The rest of this paper is organized as follows. In Section II, the system model is presented. Section III presents the formulated optimization problem and its solution. Section IV presents simulation results. Finally, the paper is concluded in Section V.
II. SYSTEM MODEL A. SYSTEM MODEL
As shown in Fig. 1 , a downlink CRN with NOMA is considered, where there is one cognitive base station (CBS), one primary base station (PBS), M PUs and N SUs. Two SUs are selected to decode information and the remainder N − 2 SUs performs energy harvesting. Let M and N denote the set M = {1, 2, · · · , M } and N = {1, 2, · · · , N − 2}, respectively, and m ∈ M and n ∈ N . It is assumed the ith SU and the jth SU are the users that perform information decoding. All devices are equipped with single antenna. The PBS transmits information to the M PUs while the CBS provides SWIPT services for the ith SU and the jth SU by using a power-domain NOMA scheme, and transfers energy to other SUs, as long as the interference from the CBS imposed on the PUs is tolerable.
All the channels involved are assumed to be frequency flat slow fading channels. The signals received at the ith SU, jth SU, and other energy harvesting SUs and the interference signals from the CBS imposed on the mth PU, denoted by y i , y j , y ER n , and y PU ,m are respectively given as
where h i and h j are the channel gains from the CBS to the ith SU and the jth SU, respectively. g n and q m denote the channel gains from the CBS to the nth energy harvesting SU and the CBS to the mth PU, respectively. In (1), x i and x j are the transmitted symbol for the ith SU and the jth SU, respectively. P i and P j represent the transmit power for the ith SU and the jth SU, respectively. For the transmitted symbols , it is assumed that they are zero mean and unit variance, i.e., E(|x i | 2 ) = 1, where E(·) stands for statistical expectation. n i , n j , and n ER n are noise at the ith, jth SUs and the nth energy harvesting SU, respectively. They are zeromean additive white Gaussian noise (AWGN) with variance σ 2 i , σ 2 j , and σ 2 ER n , respectively. VOLUME 6, 2018
B. ENERGY HARVESTING MODEL
In the existing work, the power converted by the energy harvesting SUs is typically modeled as a linear EH model, given as
where P ER n is the received RF power at nth energy harvesting SU which equals to g n (P i + P j ). η n ∈ (0, 1] is a fixed constant that reflects the quality of the RF to the directcurrent (DC) conversion circuit termed as the power conversion efficiency. In the linear EH model, the conversion efficiency is independent of the input power. But the practical power conversion efficiency is greatly relative to the input power level. In particular, the efficiency firstly increases with the input power and then saturates a constant. Moreover, there are limitations on the maximum possible harvesting efficiency [33] . Thus, in order to capture the characteristic of the practical EH circuits, a practical non-linear parametric EH model is adopted [33] , given as
where ER n is the the traditional logistic function with respect to the received RF power P ER n . By introducing constant parameters M n , a n , and b n , the EH model is able to describe the joint effects of various non-linear phenomena caused by the hardware limitation [34] . M n is a constant denoting the maximum harvested power at the nth energy harvesting SU when the EH circuit is saturated. a n and b n are utilized to capture the circuit characteristic. In practice, parameters M n , a n , and b n can be easily obtained by a standard curve fitting tool [34] . Fig. 2 illustrates that the harvested power achieved under the non-linear EH model given by (3) matches with the measurement data in [42] for a practical EH circuit. It is also shown that the harvested power by using the linear EH model does not well match with the practical EH measurement date.
III. PROBLEM FORMULATION
In the considered CRNs with NOMA, the ith SU and jth SU, i < j, is selected to perform NOMA pairing. It assumed that the channel condition of the ith SU is worse than that of the jth SU, namely, |h i | ≤ h j . According to the NOMA protocol, the rates of the ith SU and jth SU are respectively given as In order to guarantee the ability of the jth SU to decode the message for the ith SU, it is necessary to satisfy
where R i j is the rate of the jth SU for decoding the message of the ith SU, and R th is a target data rate for achieving efficient SIC at the jth SU.
In order to maximize the harvested energy of each energy harvesting SU, a MOOP is formulated as
where P i and P j are the optimization variables. In constraints C1 and C2, R min,i and R min,j are the minimum transmission rates of the ith SU and the jth SU, respectively. The constraint C3 is given to guarantee the efficient SIC in the jth SU, and the constraint C4 denotes the maximum interference that the mth PU can tolerate. For the single-objective problems (SOOP), there is a single global solution. But for a MOOP, it is often necessary to determine a set of optimal points. The optimal solutions of the MOOP in (6) form a feasible optimal region [43] , which is defined as Pareto optimal, as follows It is difficult to directly obtain the Pareto optimal resource allocation from the optimization problem. Thus, the weighted Tchebycheff method is utilized to convert the MOOP into a SOOP, which can provide the complete Pareto optimal solutions with a low computational complexity. Before solving the MOOP, the concept of an Utopia optimization for each energy harvesting SU is introduced. 
The optimization problem to find the Utopia harvesting energy is formulated as
Substituting (3) into (7a), the optimization problem in (7) becomes a fractional programming, and it can be equivalent to a parameter problem based the method in [3] , given as
where µ n is a non-negative parameter. It is easy to prove that (8) is convex over (P i , P j ). Thus, it can be solved by using the Lagrangian method [44] . Let i , j , and t represent the minimum SINR requirement of the ith SU, the jth SU and efficient SIC at the jth SU, respectively. The lagrangian L P i , P j , µ n of problem (8) can be given as
where υ, ρ, η and ϕ are Lagrangian factors, and υ > 0, ρ > 0, η > 0 and ϕ m > 0, m ∈ M. Let P opt i,u and P opt j,u denote the optimal power allocation strategy for the Utopia harvesting energy.
Theorem 1: The optimal power allocation strategy for (8) is given as I = a n b n − ln ϕ m q m − υh i − ηh j µ n a n g n (10) P opt i,u = t h j I + a n g n t σ j 2 a n g n h j ( t + 1)
h j I − a n g n t σ j 2 a n g n h j ( t + 1) Proof: Please refer to Appendix A. In order to obtain all the dual variables, the subgradient method can be used [45] . Finally, an optimal power allocation algorithm is proposed to obtain the Utopia harvesting energy, and it is summarized in Table 1 .
Finally, the complexity of Algorithm 1 is analyzed as follows. It consists of two parts. The first part is the required iteration number of the Dinkelbach method. According to the work [46] , the complexity of the Dinkelbach method needs polynomial time. The second part is the number of iterations required for the subgradient method. The complexity of the subgradient method depends on the tolerant error [45] . Let L max and denote the number of iterations required for the Dinkelbach method and the tolerant error, respectively. Then, the complexity of Algorithm 1 is O L max / 2 , where O (·) is the big-O notation.
B. WEIGHTED TCHEBYCHEFF METHOD
After obtaining the Utopia harvesting energy, u ER n , ∀n, the MOOP in (6) can be easily converted into a SOOP by using the weighted Tchebycheff method, formulated as
where φ n is a vector of weights, and
φ n = 1. The relative value of the weights reflects the relative importance of the objectives. The complete Pareto optimal set can be provided with variation in the weights. Thus, the solution of the SOOP (13) for a given φ can solve the MOOP in (6). Fig. 3 illustrates the Utopia harvesting energy and the Pareto harvesting energy of the two-users case. The shadowing area shows the feasible harvesting energy region for problem in (6) , and the boundary of this area is the Pareto optimal harvesting energy. u ER 1 and u ER 1 are the Utopia harvesting energy for users. The Pareto optimal harvesting energy can be achieved by different pair of weights φ n , n = 1, 2. The substance of the problem (13) is a standard fractional programming similar to the Utopia harvesting energy apparently. Thus the method in [3] can also be adopted, the problem (13) can be rewritten as
where β n is a non-negative parameter. For brevity, let f (P i , P j ) = exp(−a n (P ER n − b n )). Furthermore, based on the parametric algorithm, an auxiliary parameter l is introduced and the problem in (14) is equivalent to the following probelm
However, the above problem still remains intractable since the constraint (15b) is non-convex. In order to address it, the first-order Taylor series expansion is utilized. Let
where the right side of the inequality in (16) is denoted by U T (P i , P j ). U T (P i , P j ) is the first-order Taylor expansion of the function U(P i , P j ) around (P * i , P * j ). Apparently, this formulation is linear with respective of the variables P i and P j . Thus, U(P i , P j ) in the constraint (15b) can be replaced
, and the problem can be given as
It is easy to prove that the optimization problem given by (17) is convex with respect to the variables P i and P j . Thus, the problem can be solved by using the Lagrange method. Theorem 1 is given to present the optimal power allocation strategy of problem (17) , which are denoted by P opt i and P opt j . Theorem 2: The optimal power allocation strategy for (13) is given as
j t a n g n h j ( t + 1)
j a n g n h j ( t + 1)
Proof: Please refer to Appendix B. The Pareto optimal harvesting energy is also obtained by solving the problem (14) which is formulated in Theorem 2.
Theorem 3: The Pareto optimal harvesting energy is given by
IV. SIMULATION RESULTS
In this section, simulation results are given to investigate the performance of the proposed resource allocation algorithm. The converge performance of the proposed algorithms is also evaluated by simulation results. The parameters of the nonlinear EH model are based on the simulation settings used in [33] and [35] . For comparison, we also show the performance of a benchmark scheme, which performs the resource allocation based on the conventional linear EH model in (2), subject to the constraint in (7). The power conversion efficiency is set to be η n = 0.5, ∀n [29] . All the involved channels are assumed to be Rayleigh flat fading. All iterative step sizes of the subgradient method for updating Lagrange dual variables are set as 0.1. The number of channel realizations is 10 4 . The detail simulation settings are given in Table 2 . Fig. 4 illustrates the convergence of the proposed algorithm, i.e.,Utopia harvested power with different PU's interference tolerance values versus the number of iterations. It is seen that only a small number of iterations are required to converge a constant value by using the proposed algorithm. This verifies the efficiency of our proposed algorithm.
In Fig. 5 , the Utopia harvested power versus the maximum tolerable interference on PU m , m , is presented. The Utopia harvested power is depicted for both the proposed scheme and the benchmark scheme, respectively. As can be observed, the Utopia harvested power achieved under these two schemes monotonically increases with respect to the maximum tolerable interference m . This is due to the fact that the CBS can use more power to transmit information to SUs under a more relaxed power constraint, i.e. a larger value of m . Furthermore, the proposed resource allocation scheme can obtain an evidently larger Utopia harvested power compared to the benchmark scheme. The reason is that the linear EH model adopts a fixed power conversion efficiency η n = 0.5, which results in a mismatch resource allocation [33] - [35] . Fig. 6 also shows that the Utopia harvested power is an increasing function with respect to the maximum tolerable interference. It can be similarly explained by the fact that the looser interference constraint can provide a higher transmit power to the CBS. Thus, the SUs can harvest more power. It also can be observed that the case of lower QoS of the ith SU results in a larger Utopia harvested power. This illustrates that the Utopia harvested power with i = 5 is larger than the Utopia harvested power with i = 7. The reason is that there is a tradeoff between the energy harvesting and information transmission. Specifically, as the QoS of the ith SU increases, the harvested power may be decreased. φ n = 1, the weights for user 2 set as 1 − φ 1 . The Utopia harvested power is set to be the saturation value of non-linear EH model, i.e. M n = 24 mW. From Fig. 6 , the Utopia harvested power serves as the upper limits for the harvested power of each user. It is interesting to see that the harvested power of the NOMA SU 1 is increasing and eventually approaches to its Utopia harvested power. On the other hand, the harvested power of the NOMA SU 2 is decreasing from the value of Utopia harvested power. This is because the importance of the NOMA SU 2 decreases while the importance of the NOMA SU 1 increases, which indicated by the increase of the weight value.
V. CONCLUSION
In this paper, a multiple-objective resource optimization problem was formulated in NOMA CRNs with SWIPT. Different from the existing works, a practical non-linear energy harvesting model was applied. In order to solve this problem, a successive convex approximation method was exploited. Simulation results shown that the performance achieved under the non-linear energy harvesting model is better than that obtained under the linear energy harvesting model and there is a tradeoff between the harvesting energy and the rate of the information decoding users.
APPENDIX A PROOF OF THEOREM 1
Differentiating the Lagrangian L P i , P j , µ n with respect to P i and η, one has
Let eq. (22) be equal to 0. Since P i > 0, one has
h j a n b n − ln ϕ m q m −υh i −ηh j µ n a n g n − a n g n t σ j 2 a n g n h j ( t + 1)
and since
, one has
Let I = a n b n − ln ϕ m q m −υh i −ηh j µ n a n g n , the optimal power can be given as P opt i,u = t h j I + a n g n t σ j 2 a n g n h j ( t + 1)
h j I − a n g n t σ j 2 a n g n h j ( t + 1)
The proof for Theorem 1 is completed.
APPENDIX B PROOF OF THEOREM 2
The Lagrangian function for the problem (17) can be expressed as
where λ n , n ∈ N , ω, ξ , α, and γ m , m ∈ M are non-negative dual variables associated with the constraints (17b) and (17c). By differentiating (26) with respect to P i and dual variables λ n , α and γ m , one has
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